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Abstract − In this paper we investigate the detection of 
breast cancer using two-dimensional slices of realistic 
numerical phantoms employing time reversal microwave 
imaging. We used maximum-likelihood estimation coupled 
with time reversal technique to detect and estimate the 
location of tumor using FDTD based breast phantoms that 
contain dense fibroglandular tissue clutter. We show that time 
reversal maximum-likelihood estimation can detect and 
accurately localize tumors even in highly dense breasts where 
the dielectric contrast between healthy dense breast tissue and 
cancerous lesions is quite low without requiring any contrast 
enhancing agents.  
1 INTRODUCTION 
Breast cancer is one of the dominant causes of 
morbidity and mortality among women. It has been 
demonstrated that early detection is the single most 
significant predictor of long term survival. Therefore, 
improvements in detection can greatly help to 
increase the cure rate of breast cancer. Currently, X-
ray mammography is the gold standard tomography 
for breast cancer imaging and has significantly 
reduced the mortality rate. However, mammography 
has several drawbacks such as high false-positive and 
false-negative rates, ionizing radiation, poor accuracy 
in the presence of glandular tissue, and causes pain 
and discomfort due to applied compression. Two 
other clinically available techniques viz., magnetic 
resonance imaging (MRI) and ultrasound imaging  
have limitations either in terms of cost, or achievable 
resolution and ability to separate benign and 
malignant tissues. Breast is composed of fatty 
adipose and dense glandular tissues. With age dense 
glandular tissues diminish. Hence it is quite 
challenging to detect breast tumors in younger 
women owing to the presence of dense glandular 
tissues. Although breast cancer risk increases with 
age, it is not uncommon for younger women to 
develop breast cancer. 
 The time reversal (TR) method [1] for breast 
cancer detection has been well established [2-7]. 
Radar based TR microwave imaging technique is 
sensitive to the dielectric contrast between healthy 
and malignant breast tissues [8]. When the dielectric 
contrast between healthy and malignant tissues is 
low, TR methods often tend to fail to detect the 
presence of tumor. Recently contrast aiding agents 
have been suggested to raise the dielectric contrast to 
achieve detection and classification between 
malignant and benign tissues for microwave imaging 
techniques [9, 10].  
 In this paper we employ efficient beamforming 
techniques coupled with TR imaging for improving 
the localization of malignant lesions in dense breast 
phantoms. We employ maximum-likelihood 
estimation with TR for the detection of tumor inside 
realistic dense numerical breast phantom and 
compare its performance with conventional method 
known as decomposition of the time reversal operator 
(DORT) and TR MUSIC techniques. Maximum-
likelihood based TR imaging was first proposed by 
Shi and Nehorai [1]  and was  later employed for 
detection in simplified breast models in [7]. But the 
deterministic breast model in [7] uses simplified 
approximations for breast tissue heterogeneities and 
also neglected the effects of multiple scattering 
among different types of tissues. In this study we use 
realistic numerical breast phantoms representing true 
breast tissue heterogeneity[8]. Our results indicate 
that time reversal maximum-likelihood (TR ML) has 
superior performance over DORT and TR MUSIC 
techniques. 
The rest of the paper is organized as follows. In 
section 2 we describe TR ML imaging technique 
along with conventional DORT and TR MUSIC 
imaging techniques. A brief description of the FDTD 
simulation setup as well as the breast mimicking 
numerical phantom is presented in section 3. We 
present the results on breast cancer detection in 
section 4 and the conclusions are provided in section 
5. 
2 TIME REVERSAL MICROWAVE 
IMAGING TECHNIQUES 
Synthetic TR microwave imaging techniques use the 
multistatic data matrix (MDM) which is formed by 
transmitting short pulse from each element of the 
transmitting array and the resulting scattered field is 
recorded by the receiving array. Let us consider that 
an N element UWB transceiver array is employed to 
localize M targets in a 2-D space. When the j-th 
element of the array is excited using the electric field 
ej(ω), the incident field is scattered by the M-targets. 
The scattered field is recorded by the l-th element of 
the array can be expressed as 
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where τm(ω) is a tensor that represents the 
backscattering strength as a function of angular 
frequency, xm is the location of m-th target,  rj is the j-
th receiving element location, k is the wave number 
and G is Green’s function of the background medium. 
Hence, the l,j-th element of the MDM can be written 
as 
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where, ( )T denotes transpose operation and Green’s 
function vectors gr and gt are defined as  
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where, subscripts t and r are used for transmission 
and reception respectively. For a transceiver array 
and for a reciprocal medium, the MDM becomes 
symmetric 
 ( ) ( )lj jlκ ω κ ω=  (5) 
In the presence of white Gaussian noise we can 
represent the measured multistatic matrix as 
 2σ= +Κ Iκ  (6) 
where, I is an N×N identity matrix and σ2 is the noise 
variance. Using singular value decomposition K can 
be represented as 
 ( ) ( ) ( ) ( )Hω ω ω ω=K U Φ V  (7) 
The TR operator is defined as 
 HT = K K  (8) 
where ( )H denotes conjugate transpose operation. 
Substituting (7) into (8) we get 
 ( ) ( ) ( ) ( ) ( ) ( )H Hω ω ω ω ω ω=T V Φ U U Φ V  (9) 
Since U and V are both unitary matrix 
 2( ) ( ) ( )Hω ω ω=T V Φ V  (10) 
Hence, we can use singular value decomposition of K 
instead of using eigen value decomposition of T.  
 
2.1  DORT Imaging 
Each significant eigen value of 2mΦ  represents the 
presence of a target in the region under investigation. 
These targets can be identified by back propagation 
of their corresponding eigen vectors. The eigen 
vectors are related to the Green’s function vector of 
the medium as [11] 











where, φ(ω) is the phase as a function of angular 
frequency arising from singular value decomposition 
and ( )* denotes conjugate operation. 
Consequently the DORT imaging function that 
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2.2  Time Reversal MUSIC Imaging 
Ideally, the signal subspace and noise subspace are 
orthogonal to each other. As a result at the target 
location the inner product of the Green’s function 
vector with the eigen vectors that span the noise 
subspace is ideally zero. Hence, TR MUSIC can 



















2.3  Time Reversal Maximum Likelihood Imaging 
TR imaging is known to have near-far problem if the 
target is located far away from the transceiver array 
[1]. Maximum likelihood estimation overcomes this 
problem and as a result superior imaging 
performance is obtained even when the target is far 
away or even surrounded by highly dense clutter. The 
maximum likelihood estimation of the target location 
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Subsequently we obtain the following imaging 
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3 FDTD SIMULATION USING NUMERICAL 
BREAST PHANTOM 
We carried out FDTD simulation on 2-D slices of 
realistic breast models obtained from the UWCEM 
numerical breast phantom repository [12]. A 2-D slice 
(TM-z) from a highly dense breast phantom is used in 
FDTD simulation as shown in Figure 1. A 21-
element transceiver array of infinite line sources is 
employed. The location of array elements is indicated 
using the blue dots. The 2-D plane is indicated in 
blue colour as shown in Figure 1. The excitation is a 
differentiated Gaussian pulse with -3dB bandwidth 1-
5 GHz and TM-z polarized. We use uniform grid size 
of 0.5mm in all directions. The breast tissue dielectric 
properties are obtained from [8]. In order to minimize 
the reflections from skin the breast phantom along 
with the transceiver array is immersed in a matching 
liquid. Skin artifact has also been removed using 
entropy based algorithm [13]. 
 
Figure 1: Numerical breast phantom for FDTD 
simulation.  
 
4 TIME REVERSAL IMAGING RESULTS 
We present the imaging results for different TR 
techniques employing highly dense and 
heterogeneously (moderately) dense breast phantoms. 
Figures 2-4 show the results in heterogeneously dense 
breast phantom while Figures 5-7 show results in 
highly dense breast phantom. All these images were 
obtained at SNR=20dB. In all the images the assumed 
tumor location is indicated with a small white circle. 
It is observed that for heterogeneously dense breast 
phantom DORT image quite accurately estimates the 
tumor location although its resolution is low. TR 
MUSIC imaging produces strong intensity near the 
true tumor location. However, there are several minor 
peaks scattered throughout the image. This leads to 
confusion regarding estimation of the tumor location 
and may result in false positives. TR ML result is quite 
impressive for heterogeneously dense breast phantom 
as shown in Figure 4. For TR ML technique the tumor 
location is very much accurately represented which is 
less affected by the presence of dense glandular tissues 




Figure 2: DORT image for heterogeneously dense 
phantom. 
 
Figure 3: TR MUSIC image for heterogeneously 
dense phantom. 
 
Figure 4: TR ML image for heterogeneously dense 
phantom. 
 
Figure 5: DORT image for highly dense phantom. 
 
Figure 6: TR MUSIC image for highly dense phantom. 
 
Figure 7: TR ML image for highly dense phantom. 
 
We observe similar trends in imaging results for 
highly dense breast phantoms. The highly dense breast 
phantom is almost entirely composed of dense tissues, 
and so both DORT and TR MUSIC fail to accurately 
localize the tumor. TR ML imaging on the other hand 
still successfully estimates the tumor location but the 
imaging resolution becomes poorer as the scattering 
from dense glandular tissues interfere with the 




It is observed that TR ML imaging can localize tumor 
even in the highly dense breasts where DORT and TR 
MUSIC techniques fail. The superiority of TR ML is 
readily realized from highly dense breast phantom 
results. As TR ML estimation overcomes the near far 
problem of conventional TR imaging techniques, 
tumor even in very highly dense breast phantom can 
be localized. 
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